Theoretic conjecture and mathematical models used for classifying wines into different chromatic levels were examined, based on a comprehensive chromatic database of 237 dry red wines. Similar mathematical models were also built for 79 Chinese Cabernet Sauvignon dry red wines from different regions and vintages, which could be set as chromatic reference for other Chinese Cabernet Sauvignon dry red wines. The reliability of these models and relationships between different chromatic parameters were further validated by statistical tools. Such methodology can be adopted to build chromatic references for wines from different backgrounds, thus to classify wine color more extensively and objectively.
Introduction
Red wines, as one of the most popular beverages, are consumed by adults in many parts of the world. Scientific researches indicate that drinking moderate amount of red wines regularly can benefit human health in preventing diseases like coronary heart disease, cardiovascular disease, inflammation and Alzheimer's disease. [1] [2] [3] [4] Except the health benefits, red wines are also enjoyed by consumers due to their organoleptic properties, such as color, aroma, taste and astringency. Color, the visual property of red wines, is usually thought as the first organoleptic property received by consumers, which plays a key role in affecting consumers' acceptance of red wines.
The color of red wines is directly determined by a group of phenolic compounds called anthocyanins, which are mainly extracted from red grape skins during winemaking, but can also be extracted from flesh when teinturier grapes are used. During wine maturation and aging, anthocyanin composition and structures develop due to a series of mechanisms, which result in significant color changes. [5] Though other phenolic compounds, such as flavan-3-ols, flavonols and phenolic acids, have no red color, they can participate in a complex spontaneous association named copigmentation with anthocyanins to stabilize and enhance wine color expression. [6] Because of the organoleptic importance of color to red wines, scientists make many researches in genetic biosynthesis, enzymatic or non-enzymatic reactions, vineyard management and winemaking techniques, to find out either theoretic or practical approaches for wine color improvement.
out the general distribution regularity of chromatic values from a comprehensive selection of dry red wines; (2) to establish and validate mathematical models, which can classify wines of different chromatic values into different levels effectively and reliably; and (3) to propose a wine color classifying methodology, which could be helpful to compare the color quality of wines with their peer products extensively and objectively.
Materials and methods

Chemicals
Acetaldehyde was purchased from Sigma-Aldrich (St. Louis, MO, USA). Ultrapure water was obtained from a Milli-Q Element water purification system (Millipore, Milford, MA, USA).
Wine samples
In total, we selected 237 bottled commercial dry red wines of different variety types, [12] countries [10] and vintages (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) in our research. All these wines were kindly provided by China Alcoholic Drinks Industry Association (Beijing, China), which were initially stored in a standard wine cellar with a temperature of 13°C ± 1°C, and relative humidity of 70% ± 5%, away from light. We collected these wine samples with 10 mL brown polyethylene terephthalate tubes (three tubes for each wine sample) and stored them at −20°C, prior to chromatic analysis. More detailed information (sample no., country, region, variety type, vintage, chromatic values) about these wine samples is provided in supplementary material 1, Table A. 1.
Chromatic analysis
A spectrophotometer Shimadzu UV-vis 2600 (Shimadzu, Kyoto, Japan) was used to record the wines' absorbance spectra (380-700 nm), with a 1 mm path length quartz cuvette. Ultra-pure water was set as blank reference. A 10% (v/v) acetaldehyde solution (10 μL) was added to 1 mL of wine sample 20 min prior to color measurement to avoid sulfite interference. Each analysis was performed in triplicate. The chromatic parameters of CIELab system, namely, lightness (L*: L* = 0, black, and L* = 100, colorless), green/red color component (a*: a* > 0, red, and a* < 0, green), blue/yellow color component (b*: b* > 0, yellow, and b* < 0 blue), chromaticity (C* ab ) and hue (H* ab ) were determined according to the CIELab method. [13] Using absorbance values at 420, 520 and 620 nm, five chromatic parameters were calculated according to the Glories method. [14] These parameters were color intensity (CI), percentage of yellow (Yellow %), percentage of red (Red %), percentage of blue (Blue %) and a variable responsible for the proportion of red produced by the flavylium cations (flavylium are salts of anthocyanins capable of reacting), pure red (dA %). These five chromatic parameters were calculated according to
Theoretic conjecture and mathematical model calculation
Theoretically, a comprehensive chromatic database can be built by collecting the chromatic values of comprehensive dry red wines. And it could be predicted that from a statistical viewpoint, for each chromatic parameter, an ideal distribution regularity of wine samples according to their chromatic values should obey normal distribution and has a bell-shaped density curve, [15] as shown in Fig. 1 . The horizontal axis represents wine samples' chromatic values, and the vertical axis represents wine samples' cumulative densities in different chromatic values, respectively. If the distribution regularity of wines does not have a bell-shaped density curve, it means that the wine samples collected are still not comprehensive yet, and the chromatic database needs to be further updated.
In Fig. 1 , from a mathematic viewpoint, the dispersion degree (standard deviation value: σ) from the mean reference point (mean value: μ) of the total values of this chromatic parameter represents the mathematical range that includes most wine samples' chromatic values. Therefore, the range from demarcation point A (chromatic value: μ -σ) to demarcation point B (chromatic value: μ + σ) in Fig. 1 could represent most wines' chromatic level, of which we call this range the general level. Consequently, the chromatic values that are below the chromatic value of demarcation point A (chromatic value: μ -σ) can be classified as the relatively lower level, and the chromatic values that are above the chromatic value of demarcation point B (chromatic value: μ + σ) can be classified as the relatively higher level.
Excel functions NORMDIST, AVERAGE and STDEV (Microsoft Corporation, Redmond, WA, USA) were used in our research to calculate the cumulative densities, mean value (μ) and standard deviation value (σ) of the total values of each chromatic parameter, respectively.
Statistical analysis
Orthogonal partial least-squares discriminant analysis (OPLS-DA) and correlation analysis were performed by using MetaboAnalyst 3.0. [12] Figure 1. An ideal wine sample distribution regularity that obeys normal distribution (calculation based on all wine samples' chromatic values of one chromatic parameter).
Artwork
Origin 8.0 software (Microcal Software, Northhampton, MA, USA) and Adobe Photoshop 7.0 (San Jose) were used to create the artwork.
Results and discussion
Comprehensive chromatic database establishment
By recording 237 wine samples' absorbance spectra (380-700 nm) and calculating their chromatic values according to the CIELab method [13] and the Glories method, [14] we collected the data of 10 chromatic parameters, namely, L*, a*, b*, C* ab , H* ab , CI, Yellow %, Red %, Blue % and dA %. Since each wine sample was detected in triplicate, the mean value ± standard derivation of each wine sample's chromatic values were used to establish the comprehensive chromatic database (supplementary material 1, Table A.1).
Mathematical models for color classification
As shown in Fig. 2 , the 237 wine samples' distribution regularities in all 10 chromatic parameters show bell-shaped density curves, which means that the distribution regularities of these wine samples obey normal distribution. Therefore, by calculating all wine samples' mean value (μ) and standard deviation (σ) in each chromatic parameter, comprehensive mathematical models used to classify wine color quality could be proposed. The range from demarcation point A (chromatic value: μ -σ) to demarcation point B (chromatic value: μ + σ) represents most wines' chromatic level, the general level. Consequently, the chromatic values that are below the demarcation point A (chromatic value: μ -σ) can be classified as the relatively lower level, and the chromatic values that are above the demarcation point B (chromatic value: μ + σ) can be classified as the relatively higher level. Exemplary photos for wine samples of different chromatic levels are shown in Fig. 3 .
On the basis of the comprehensive mathematical models we built (Fig. 2) , scientists and winemakers can make general comparisons of different chromatic qualities between their own wines and other peer products extensively and objectively. Besides, based on our theoretic conjecture and mathematical model design, not only the comprehensive mathematical models used for comparing wine color quality can be achieved, establishment of sub-mathematical models used for classifying color of wines from different backgrounds can also be realized, as long as comprehensive wine samples are systematically collected. For instance, in order to have a better understanding of color quality of dry red wines that are nowadays mostly produced and consumed in China (Fig. 4) , the Cabernet Sauvignon dry red wines, there were 79 Chinese Cabernet Sauvignon dry red wines from main wine-producing regions (eastern regions: Shandong province, Hebei province; western regions: Ningxia province, Xinjiang province, Yunnan province) and vintages (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) additionally labeled in our 237 wine samples (supplementary material 1, Table A.1, sample nos. . The values of their chromatic parameters were extracted from the original comprehensive chromatic database to establish new sub-chromatic database and to build new sub-mathematical models (Fig. 5) .
As shown in Fig. 5 , wine sample distribution regularities in all 10 chromatic parameters show bell-shaped density curves, which means that the distribution regularities of Chinese Cabernet Sauvignon dry red wine samples we used obey normal distribution. By calculating the mean value (μ) and standard deviation (σ) of each chromatic parameter, sub-mathematical models used to classify wine color could be proposed: the range from demarcation point A (chromatic value: μ -σ) to demarcation point B (chromatic value: μ + σ) represents most Chinese Cabernet Sauvignon dry red wines' chromatic level, the general level. Consequently, the chromatic parameter that is below the demarcation point A (chromatic value: μ -σ) can be classified as the relatively lower level, and the chromatic parameter that is above the demarcation point B (chromatic value: μ + σ) can be classified as the relatively higher level. Exemplary photos for wine samples of different chromatic levels are shown in Fig. 6 .
Statistical analysis
Wine samples in Figs. 2 and 5 show bell-shaped density curves in all 10 chromatic parameters, which means that the distribution regularities of these wine samples obeyed normal distribution, and these wines we used could be recognized comprehensive enough to represent the wine color levels of their peer products. Therefore, the mathematical models in Figs. 2 and 5 may act as useful tools in classifying wine color into different levels. To further validate our theoretic conjecture and mathematical model design, we set sample labels as observations (Y) and chromatic values as variables (X), and used OPLS-DA to find out the statistical differences in samples of different chromatic levels. OPLS-DA is a modification of partial least-squares discriminant analysis (PLS-DA), which separates the systematic variation in X, into two parts, one is linearly related to Y (Tp) and one is orthogonal to Y (To), and can separate samples effectively when the number of samples is more than the number of variables. [16] The 237 dry red wine samples were labeled as relatively lower level, general level and relatively higher level first by comparing their chromatic values with the demarcation values (μ ± σ) in Fig. 2 . Ten chromatic parameters played the role as differentiating criteria successively; therefore, OPLS-DA was conducted 10 times. The only difference between each OPLS-DA trials was the sample labels. Values of all chromatic parameters were used as variables in every OPLS-DA trial. Figure 7 shows the OPLS-DA trials for the 237 samples. As can be seen, sample classification is gradually exhibited in Tp. No extensive overlap is observed in Fig. 7 . The partial overlap of some sample plots is quite normal and must be due to their approximate value to the demarcation values.
The quality of the OPLS-DA models was evaluated by the goodness-of-fit parameter (R 2 X), the proportion of the variance of the response variable that was explained by the model (R 2 Y) and the predictive ability parameter (Q 2 ), which were calculated by a seven-round internal cross-validation of the data using a default option of MetaboAnalyst 3.0.
[12] R 2 X, R 2 Y and Q 2 values close to 1 indicate an excellent OPLS-DA model, and values higher than 0.5 indicate an OPLS-DA model of good quality. [17] The R 2 X, R 2 Y and Q 2 values of OPLS-DA models in Fig. 7 are provided in Table 1 , all of which are higher than 0.5, thus indicating that these OPLS-DA models have successfully (Fig. 7a) 0.88 0.74 0.73 a* (Fig. 7b) 0.87 0.72 0.72 b* (Fig. 7c) 0.88 0.74 0.73 C* ab (Fig. 7d) 0.98 0.74 0.73 H* ab (Fig. 7e) 0.88 0.73 0.73 CI (Fig. 7f) 0.88 0.72 0.72 Yellow % (Fig. 7g) 0.88 0.74 0.74 Red % (Fig. 7h) 0.98 0.74 0.74 Blue % (Fig. 7i) 0.71 0.72 0.70 dA % (Fig. 7j) 0.98 0.74 0.74 classified these wines according to their chromatic levels. Therefore, the theoretic conjecture and mathematical models designed in Fig. 2 are proved applicable. Loading plots of each OPLS-DA model are shown in Fig. 8 . When comparing each loading plots in Fig. 8 with the corresponding OPLS-DA model in Fig. 7 , predominant chromatic parameters (from the covariance loading perspective in Fig. 8 ) vary in wines of different levels (from the Tp perspective in Fig. 7) , and it is not only the chromatic parameter of differentiating criteria acts as differentiating marker. This phenomenon indicates that when each chromatic parameter is used as differentiating criteria, for example, the L* value, although wine samples of relatively higher L* level, general L* level and relatively lower L* level can be successfully classified (Fig. 7a) , other chromatic features may also coexist with the L* feature (Fig. 8a) , in wines of different L* levels.
Chromatic parameters R
To find out the relationship that might exist in different chromatic parameters, we used the correlation analysis to examine the chromatic values of all the 237 wine samples. As shown in Fig. 9 , chromatic parameters can be basically clustered into two groups, the first group includes a*, C* ab , CI, Blue %, Red % and dA %, which can be labeled as chromatic group 1, and the second group includes L*, b*, H* ab and Yellow %, which can be labeled as chromatic group 2. Back to the loading plots in Fig. 8 , similar gatherings can also be observed, namely, in almost all the loading plots, chromatic parameters gather together in the way they are clustered in Fig. 9 . In other words, chromatic parameters clustered as chromatic group 1 in Fig. 9 are located in a relatively nearer distance with each other in Fig. 8 compared with the distances between them and chromatic parameters clustered as chromatic group 2 in Fig. 9 and vice versa.
Consequently, based on the similarity from OPLS-DA and correlation analysis, we can conclude that correlations do exist among different chromatic parameters. Wine samples of different levels of one chromatic parameter from chromatic group 1 or chromatic group 2 imply that these samples may also have the same levels of other chromatic parameters from the same chromatic group. In chromatic group 1, the positive correlation between a*, Blue %, Red % and dA % is generally acknowledged since these parameters are positively correlated with the concentration and composition of anthocyanins in wines, which exhibit a maximum absorption around 500-525 nm or even higher, thus conferring wines a reddish/bluish color.
[5] C* ab and CI are also clustered into chromatic group 1, which might be because anthocyanins are the major compounds that contribute color to red wines. The b*, H* ab and Yellow % represent the yellowish degree in wines, which are positively correlated with a group of compounds called xanthylium salts. The xanthylium salts are produced in wines in the presence of flavanols and aldehydes, such as catechin and acetaldehyde, and when flavanols participate in the formation of xanthylium salts, their contribution in copigmentation decrease, which might explain why L* is clustered into chromatic group 2. [18, 19] The OPLS-DA and correlation analysis of 79 Chinese Cabernet Sauvignon dry red wines are provided in supplementary material 2. In Fig. A.1 , wine samples of different chromatic levels are classified gradually, just like the OPLS-DA models of the 237 wine samples (Fig. 7) . The goodnessof-fit parameter (R Table A. 2, all of which are higher than 0.5, thus proving that the theoretic conjecture and mathematical models designed in Fig. 5 are applicable.
OPLS-DA loading plots and correlation analysis of 79 Chinese Cabernet Sauvignon dry red wines are shown in Figs. A.2 and A.3, respectively, which exhibit almost the same loading plots features and clustering characters, when compared with OPLS-DA loading plots and correlation analysis of 237 wine samples in Figs. 8 and 9 , respectively. These similarities further prove that internal connections do exist in different chromatic parameters, and that the mathematical values and levels of a*, C* ab , CI, Blue %, Red % and dA % are positively correlated, so are the mathematical values and levels of L*, b*, H* ab and Yellow %.
Since the ultimate goal of winemaking is to produce wines that have competitive market advantages, namely, to produce wines of good organoleptic properties, a comprehensive comparison between different wines and their peer products is necessary. However, this comparison is so far not easy to be achieved for mainly two reasons. Firstly, except the evaluation methods of wine color has been digitized and widely used, such as the CIELab [13] and the Glories method, [14] no objective standards for evaluating aroma, taste and astringency have been acknowledged worldwide. Instead, to judge the quality of aroma, taste and astringency, most scientists would organize their own panels to give subjective scores or descriptive words on research wines. [20] [21] [22] [23] Secondly, to have an extensive and objective evaluation of wine quality, large numbers of wine samples are necessarily needed to establish a comprehensive organoleptic database, which would cost a lot of time and money. [24] It must be admitted that, considering the various influences of grape varieties, geographical conditions, vintage and winemaking techniques on wine color quality, [25] [26] [27] [28] [29] the number of wine samples (237) in our research was still quite limited. However, with this first attempt to build mathematical models and efforts to discover wine sample distribution regularities in different chromatic parameters, our methodology to classify wine color quality in different chromatic levels proved to be promising. With more wine samples collected and their chromatic data recorded, we can continuously update the existing chromatic database established (supplementary material 1, Table A.1), thus letting the mathematical models be more extensive and objective. Nowadays, since more and more scientists and winemakers are focusing on studying the organoleptic properties of their wines on the basis of big data, [30] [31] [32] [33] [34] [35] such a promising methodology can also be applied by them.
Conclusion
The attempt to classify 237 dry red wines into different chromatic levels was realized by establishing comprehensive chromatic database and mathematical models, and validated by using statistical analysis. Such methodology was also applied on 79 Chinese Cabernet Sauvignon dry red wines from different regions and vintages, and the quality of different chromatic levels for these wines was also observed successfully from the sub-mathematical models. Such methodology can be extended to comprehensive wines from different backgrounds, to build chromatic database and mathematical models for wine color classification, which can evaluate wine color quality more extensively and objectively.
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